Compressive sensing (CS) theory is a new type of sampling theory based on information technology. It breaks through the limitations of traditional Nyquist/Shannon sampling theorem, and reconstructs a signal or digital image at a far lower sampling rate. In this paper, we present an efficient remote sensing fusion method based on compressive sensing. First, a sparse model according to the wavelet-based algorithm is used on the panchromatic image and the multispectral image separately. Then the sparse results are compressed through a measurement matrix and different fusion coefficients are chosen on each component of the compressed images. Finally, after reconstruction and invert wavelet transform, we acquire the final fusion image. Compared experiments are made and the simulation results show that the CS fusion algorithm has a more economic and effective performance than the other traditional methods.
Introduction
In the process of acquiring remote sensing images, a sensor can only obtain images with either high spatial resolution or high spectral resolution. In many cases, a single sensor is not sufficient to provide a complete and fully informative perception of the real world [1] . Remote sensing image fusion can solve this contradiction. It combines information from multiple images into a fused image and provides more interpretation capabilities. But traditional fusion methods need to acquire all samples of the images. And new problems of storage burden and processing challenges are gradually emerging. That is the reason why compressive sensing (CS) theory is introduced.
The CS theory [2] , [3] exploits the knowledge that the signals or images acquired are sparse in some known transform domain, which means that the signals or images are compressive. Then the compressive signals can be reconstructed accurately at a far lower data sampling rate from a significantly smaller number of measurements than sampling original signals at Nyquist/Shannon rate [4] . Therefore, the CS theory can lead to the reduction of sampling rate, storage volume, power consumption, and computational complexity in signal and image processing and related research fields.
Regarding image fusion scheme [5] in CS, one natural way is to perform fusion rules after separate reconstruction of each image from the measurements. However, a more economic method is to directly combine the measurements in a compressive domain. In this paper, wavelet is used as a transform basis for its better sparse degree. And after fusion in the transform domain, the final fusion image is reconstructed by Orthogonal Matching Pursuit (OMP) [6] algorithm.
The remainder of this paper is organized as follows: Section 2 provides a brief review of the CS theory. In Section 3, the proposed image fusion scheme in CS is presented. Compared experimental results and evaluations are given in Section 4. Finally, Section 5 concludes this paper.
Compressive Sensing
The core ideas of compressive sensing are sparse representation, measurement matrix and signal reconstruction [3] . Firstly, a sparse matrix is used to describe a signal. Secondly, we sample the signal with a measurement matrix which is irrelevant with the sparse basis but can reserve effective information as much as possible. Finally, a more accurate signal is reconstructed through recovery algorithm. The framework of compressive sensing is shown in Fig. 1 . Consider an unknown signal n x R ∈ , which is K-Sparse with a certain basis ψ such as a wavelet basis or a Fourier basis. Then it can be expressed as the decomposition of the basis:
where θ is a column vector with proper dimension that is composed by corresponding coefficients. When signal x has less than k nonzero coefficients on basis ψ, then ψ can be regarded as a sparse basis of signal x. Studies have showed that a signal can be accurately reconstructed by a small number of measurements if it is sparse with some orthonormal bases. But there is a precondition that the measurement matrix is obtained through a measurement matrix (A) incoherent with the sparse basis ψ, and Ax must reach the restricted isometric property (RIP) [7] as: 
where A is an m×n measurement matrix. Accordingly, we can calculate θ when y and ψ are already 
Image Fusion Scheme
For remote sensing image fusion in CS, we need to transform original images into sparse signals and fuse them according to certain rules. Then we reconstruct the fusion image in the transform domain with a measurement matrix. At last the final fusion image is acquired through inverse transform of the domain. Here come the specific steps of CS fusion algorithm.
IHS Transform
There are two color spaces usually used in image processing, RGB space and IHS space [8] . The intensity (I), hue (H), and saturation (S) components in IHS space are relatively independent. They can describe color characteristics accurately and quantitatively. Therefore we normally transform a multispectral image from RGB space into IHS space. The IHS transform can be formulated as follows:
Sparse Expression
The basic idea of sparse expression is to find a transform domain that is able to represent the sparseness of a signal and get sparse coefficients in the transform domain. We choose wavelet [8] , [9] as the transform basis because it has a better sparse degree. The wavelet transform is performed among the panchromatic image and the intensity (I) component of the multispectral image separately. We assume that the vectors to be fused are denoted as xS (pan) and xM (multi). After wavelet transform, fS and fM can be obtained. The process is expressed as: 
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Measurement Matrix
Common measurement matrices include Gaussian random matrix, random Bernoulli matrix, partially orthogonal matrix, Hadamard random matrix, sparse random matrix and so on. In this paper, we choose the random Bernoulli measurement matrix because it can satisfy the irrelevancy condition with any given matrix and provide a good performance. Define the random Bernoulli matrix as A, and then we have:
where , i j A represents the element in matrix A and obeys Bernoulli distribution, M stands for the dimension of the matrix, and N is the column number of the matrix. With the measurement matrix, we can obtain the measurement coefficients of the panchromatic and multispectral images:
Fusion
We use two-dimensional wavelet decomposition [9] on the measurement values respectively and obtain high frequency and low frequency data. Based on different fusion rules we acquire the final fusion result.
Suppose the fusion result is ( ) i f u , the general fusion rules are expressed in (11):
where α and β are fusion coefficients and different values are chosen based on different fusion rules. The low frequency data represent general outline and profile of an image, and they mainly reflect spectral information. Therefore the coefficient of the multispectral image is taken as the low frequency fusion coefficient. The high frequency data represent detailed information of an image and information appear in the edge texture of the image. Because the panchromatic image and the intensity component of the multispectral image carry most of the detailed information, the maximum gradient of them is chosen as the high frequency fusion coefficient.
(SAMP), and Regularized Orthogonal Matching pursuit (ROMP) are commonly included. In this paper, we adopt the OMP algorithm for its more accurate reconstruction. Suppose the recovery coefficient obtained by OMP algorithm is i Z , the image is reconstructed as: 
Experimental Results and Performance Evaluations
GF-1 is a high resolution satellite launched by China. The PMS sensor of GF-1 provides a panchromatic band with 2m spatial resolution and four multispectral bands with 8m spectral resolution. In this paper, we choose GF-1 PMS data in Changshu city, Jiangsu province as the experimental data. There are many different kinds of features in this region. The borders of features are clear and easy to be identified in the remote sensing image. After pretreatment such as spatial registration and image cropping, the panchromatic image and multispectral image are shown in Fig. 3 . In order to verify the performance of the CS fusion algorithm presented in this paper, compared experiments are made between IHS algorithm, GS algorithm, PCA algorithm, Brovey algorithm, wavelet algorithm [11] and compressive sensing algorithm. The fusion images are shown in Fig. 4 . On the whole, the IHS fusion algorithm reaches the closest color of the original multispectral image, and the color of the other fusion images changes in different degrees. The spectral distortion degree of GS and
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Volume 13, Number 5, May 2018 wavelet algorithm is so large that the whole tone is much shallower than the others. In the CS image, the tone of green lands and no cover features becomes shallow but the tone of houses and roads becomes dark. So we can conclude that different tone changes enhance the contrast between objects after CS fusion. For the improvement of spatial resolution, the effect of wavelet fusion is not as good as the others. The IHS fusion also has a certain degree of fuzziness visually. The other algorithms provide ideal promotion of spatial resolution. CS fusion has obvious advantages in feature boundary processing. The boundaries of highlight features such as housetops, roads, and bare lands are particularly clear in CS fusion.
In order to give a more precise conclusion, we put forward some objective metrics [12] to analyze the fusion images above. The results are shown in Table 1 . a) Entropy: Entropy is a measurement of the amount of information. A high value of entropy indicates that an image contains a great amount of information. Also, the entropy is a kind of statistical forms of characteristics.
b) Mutual information: Mutual information represents the information of a fusion image that also belongs to the original images. The greater value of it stands for the more information they share. c) Average gradient: Average gradient reflects differences of details and variations of texture characteristics in an image. The greater value of it represents a better image clarity.
d) Spectral distortion:
Spectral distortion can directly reflect the distortion degree of spectral information in a fusion image. The greater the value is, the more serious the distortion is.
The spectral distortion is an evaluation metric of spectral information, the entropy and mutual information are evaluation metrics of information volume, and the average gradient is an evaluation metric of edge-texture information. From the table we can see that the CS fusion image contains the most information of the original images. The CS algorithm is better at processing detailed texture information. And the spectral information fidelity of CS algorithm is above the average of the others. In general, the CS fusion algorithm proposed in this paper has a better performance according to subjective and objective evaluations.
Conclusion
In this paper, we choose GF-1 remote sensing images as the experimental data, introduce compressive sensing algorithm into remote sensing image fusion methods, and compare it with several common pixel-level fusion algorithms. With the CS fusion algorithm, computational complexity decreases because it only needs incomplete measurements rather than acquiring all samples of the whole image. Moreover, it preserves entire spectral information and much richer detailed texture information of the original images than traditional algorithms. Experiments demonstrate the promising performance of the CS algorithm.
However, compressive sensing theory is still in the developing stage, and more explorations and research are needed in the future.
